A growing literature conceptualises human brain development from a network perspective, but it remains 10 unknown how functional brain networks are refined during the preschool years. The extant literature diverges in its 11 characterisation of functional network development, with little agreement between haemodynamic-and 12 electrophysiology-based measures. In children aged from 4 to 12 years, as well as adults, age appropriate 13 magnetoencephalography was used to estimate unbiased network topology, using minimum spanning tree (MST) constructed 14 from phase synchrony between beamformer-reconstructed time-series. During childhood, network topology becomes 15 increasingly segregated, while cortical regions decrease in centrality. We propose a heuristic MST model, in which a clear 16 developmental trajectory for the emergence of complex brain networks is delineated. Our results resolve topological 17 reorganisation of functional networks across temporal and spatial scales in youth and fill a gap in the literature regarding 18 neurophysiological mechanisms of functional brain maturation during the preschool years. 19 20 21
Introduction
. Minimum spanning tree (MST) topology and hierarchy of three representative tree models. Top panel: (A) a line-like tree, and (C) a star-like tree. (B) an intermediate configuration between the two extremes. Nodes are indicated by circles, and links by connecting lines. Green nodes are leaves, which have a Degree (i.e., number of links to neighbouring nodes) of 1; red nodes are hubs that have the highest Degree and Betweenness Centrality (i.e., the fraction of the smallest number of links between any two nodes in a network that pass through a node); the yellow node and the red node in B, have the lowest Eccentricity (i.e., the largest number of links required for a node reaching any other node in a network). The Diameter in B is 5 (i.e., the longest distance between any two nodes in a network). The three lower graphs are the same trees as those overlayed on the template brains above but represented in a way that illustrates that trees with more leaves have fewer layers (nodes with the lowest Eccentricity are placed on top). Network A requires many steps for an individual node, especially a leaf node in green, to connect to other nodes (low integration and high segregation). The steps required for nodes to connect with each other are fewer in C but the central hub/red node is considered 'overloaded' (high integration but low segregation). The network between these extremes -network Brepresents a hierarchical tree, which offers a balance between information integration and segregation. 16 males). Functional connectivity between the 80 regions of interest (ROIs; 78 cortical ROIs and bilateral hippocampi) in 71 the automated anatomical labelling (AAL; Tzourio-Mazoyer et al. 2002) atlas was estimated using the phase lag index (PLI). 72 Averaged PLI was computed between a region and all 79 other regions, resulting in a single estimation of functional connectivity 73 per participant. There were no significant PLI differences between the three age groups for any of the 5 frequency bands (delta: 74 0. . 75 Subsequently, we reconstructed the minimum spanning tree (MST; Figure 1; Kruskal 1956; Wang et al. 2008) , so that the 76 topology of functional networks could be characterised and compared without biases that are inherent in conventional graph 77 theoretical approaches (Stam, 2014 ; Tewarie et al., 2015) . The MST is a sub-network that contains the strongest connections 78 within a weighted network without forming cycles or loops; it provides an unbiased reconstruction of the core of a network, 79 making it possible to create a unique backbone or empirical reference network (e.g., for large datasets such as the human (Tewarie et al., 2016) . 84 Topological segregation of the large-scale functional networks 85 We first sought to understand whether the topology of the functional networks become more segregated during childhood 86 development. To this end, we calculated 5 global MST measures for each participant: Diameter, Leaf Fraction, Tree Hierarchy, 87 Degree Correlation, and Kappa. Small Diameter and high Leaf Fraction are characteristic for a highly integrated topology such 88 as a star-like network (A in Figure 1) , whereas large Diameter and low Leaf Fraction are representative of a more segregated 89 topology or line-like network (C in Figure 1 ). An optimal MST topology, requiring a small Diameter without overloading central 90 nodes, is quantified by Tree Hierarchy (Boersma et al., 2013; Tewarie et al., 2015) . Such a network topology also tends to have 91 larger Degree Correlation and Kappa, suggesting it is resilient against random damage (Barrat et al., 2008; Van Mieghem et al., 92 2010). 93 The 5 global MST measures were significantly different across all 5 frequency bands when comparing children (as a whole 94 group) to adults: Kappa, Leaf Fraction, and Tree Hierarchy were higher, whereas Degree Correlation and Diameter were lower, 95 in the children (Figure 2) . These frequency-independent effects were all highly significant (p < 0.001) when contrasting 5 Y.O. 96 with the other two age groups, but less so when comparing 10 Y.O. with adults. The 10 Y.O was adult like for most global MST 97 topological measures, apart from larger Leaf Fraction in the delta (p = 0.036) and beta (p = 0.041) bands, larger Kappa (p = 98 0.017) and Leaf Fraction (p = 0.036) in the theta band, and smaller Diameter (p = 0.023) but larger Leaf Fraction (p = 0.038) 99 and Tree Hierarchy (p = 0.007) in the alpha band. Overall, the MST topology becomes more line-like and segregated across all 100 frequency bands with increasing age (Figure 3) . metrics estimated from individual phase lag index adjacency matrices in the delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and low gamma (30-48 Hz) bands for three age groups (5 year-olds (Y.O.), 10 year-olds (Y.O.), and Adults). Error bars depict 95% confidence intervals estimated using bootstrapping with 1000 random iterations. * indicates statistically significant group differences (p < 0.05, 50000 random permutations), ** for p < 0.01, and *** for p < 0.001.
• nodes from the default mode, parieto-temporal and occipital areas showed larger Eccentricity in the theta mediated 120 MSTs; 121 • nodes from the fronto-parietal, parieto-temporal, and hippocampal areas, as well as the nodes from the default mode, 122 showed larger Eccentricity in the beta mediated MSTs; 123 • only nodes from occipital area and the default mode area showed larger Eccentricity in the gamma mediated MSTs; 124 • no Eccentricity differences were found in the delta mediated MSTs. 125 Figure 3 . Minimum spanning trees (MSTs) for adults (N = 24) and children (N = 24) in five frequency bands (delta: 0.5-4 Hz, theta: 4-8 Hz, alpha: 8-13 Hz, beta: 13-30 Hz, and low gamma: 30-48 Hz), displayed on a template brain with blue dots depicting nodes and yellow lines depicting functional connections. The MSTs depicted are estimated from averaged phase lag index adjacency matrices from adults (right panel) and children (left panel) for illustrative purposes only. The alpha-mediated MST in adults has fewer leaves and a more line-like topology (with central nodes in occipital regions) than the MST in children. This observation agrees with the statistical comparisons between age groups when the MST metrics were based on the un-averaged adjacency matrices in Figure 2 .
When contrasting adults to children (as a whole group), and 5 Y.O. to 126 the other two age groups, the group differences in Eccentricity exhibited 127 a similar pattern, namely that a larger Eccentricity was found mostly 128 in nodes from the fronto-parietal area, followed by those from default 129 mode, parieto-temporal, occipital and hippocampal areas in delta-to-130 gamma mediated MSTs.
131

Discussion
132
Capitalising on several novel approaches, we demonstrate in this cross-133 sectional MEG study that the topology of functional brain networks 134 becomes segregated during childhood development. Increasing topo-135 logical segregation is associated with increasing regional Eccentricity 136 across the cortex, indicating that most brain regions become functionally 137 specialised and less central in the network. Specifically, the reorgani-138 sation of network topology has the same profile across all frequency 139 bands and is not routed via a few hub regions. Importantly, all topolog-140 ical network differences are highly significant between the preschool 141 children/5 Y.O. and older age groups (i.e., older children/10 Y.O. and 142 adults), suggesting that the preschool years present a unique and im- of the functional brain networks becomes segregated via a transition from a star-like (centralised) configuration toward a more 172 line-like (de-centralised) configuration during development. Such network topological change has been found in infants right 173 after birth (Toth et al., 2017) and continues up to 18 years of age (Boersma et al., 2011) . In addition, the observed larger Kappa 174 in children compared to adults suggests a movement away from a scale-free network. This finding seems to be at odds with 175 findings from most adult studies, which indicate that the mature brain network is approximately "scale-free" (Sporns, 2013) . 176 However, Kappa is not strictly tied to "scale-freeness", but rather is a measure for the homogeneity of the degree distribution Hierarchy, in our data, is likely to be driven by a decrease in Leaf Fraction. A more straightforward quantification of network 190 hierarchy, other than Tree Hierarhcy, in complex network neuroscience is warranted though. Nevertheless, the present data 191 point to a balance between network integration and segregation (i.e., a network topology that becomes increasingly segregated) 192 with locally specialised regions, during childhood development. 193 Most network differences in the current study are frequency-independent, suggesting that similar network constraints 194 manifest themselves across different physiological architectures (Barry et al., 2004; Bathelt et al., 2013; Murias et al., 2007) . 195 All global MST changes in our study share the same profile across the five frequency bands between age groups. Although the 196 specific distributed regions that showed centrality differences varied across frequency bands, there were also some frequency 197 invariant differences: the largest number of regions that exhibited between group Eccentricity differences was found in theta 198 and alpha mediated MSTs; regions in the fronto-parietal and default mode areas displayed the largest differences across all 199 frequency bands. This seems to contradict some frequency-specific network findings reported in lower frequency bands in 200 previous developmental EEG studies (Boersma et al., 2011; Miskovic et al., 2015; Srinivasan, 1999) . These inconsistencies may 201 be ascribed to differences between cohorts (e.g., age-profiles) and methodological differences (e.g., the use of weighted versus 202 unweighted graphs, use of different thresholds, and/or the normalisation of networks/graphs via random surrogates; van Wijk 203 et al. 2010). Nevertheless, MST analysis used in our study effectively addresses methodological limitations such as biased 204 estimates of network topology and biased network comparisons (Tewarie et al., 2015) . 205 Furthermore, there is now a growing understanding that conventional graph theoretical metrics (such as the clustering 206 coefficient and shortest path length) do not fully account for fundamental properties of brain networks, and the small-world 207 model is often used inappropriately in the field of neuroscience (Papo et al., 2016) . Therefore, we propose here a heuristic MST 208 model space to better capture the trajectory of changes in functional brain networks underlying normative brain development 209 (Figure 5) . Within this MST model space, current findings suggest a clear developmental trajectory of brain networks along 210 the right axis, suggesting a balance between integration and segregation in topology. An adequate delineation of different 211 trajectories of topological changes in abnormal development, which may be a more useful biomarker than the absolute values 212 (Wolff and Piven, 2014), can also be provided by this network space. For instance, MST networks were found to be more star-like along the horizontal axis for brain networks in dyslexia, veering from the typical developmental trajectory along the right axis. 218 Our model space suggests that the normal adult brain that emerges during development is a special composite that combines 219 optimal network integration and segregation, degree diversity, and hierarchy. Moreover, distinct pathological trajectories in 220 adults, if projecting the normal adult brain onto the horizontal axis, could also be represented in this model space: a more Alzheimer's disease (Yu et al., 2016) , suggesting that networks in these diseases move towards the lower-left corner (more 223 segregated); a more centralised star-like MST was observed in fronto-temporal dementia (Yu et al., 2016) , indicating an opposite 224 trend towards the lower-right corner (more integrated). . Furthermore, for the warping procedure in children, we initially tested with age-specific paediatric templates as it 261 was suspected that, in comparison to the adult template, the paediatric ones would produce a better approximation to the 262 child's brain anatomy due to better alignment in terms of skull thickness and brain morphology. However, adult and child 263 templates produced very similar results in a previous study (Cheyne et al., 2014) . Moreover, the AAL atlas was not available 264 for these paediatric templates, hence using the anatomical labelling from the AAL (adult) atlas (Tzourio -Mazoyer et al., 2002 ) 265 in paediatric surrogate structural MRI would still only provide an approximate labelling. Therefore, the surrogate procedure 266 (using the adult template), as well as the subsequent analyses, were kept the same for all participants. Nevertheless, the use 267 of age-specific template brain images and atlases together with surface-based registration in further studies would help to 268 minimise registration errors due to the heterogeneity of brain anatomy in young children (Fonov et al., 2011) . In addition, (Haller et al., 2018) . Lastly, the developmental trajectory found in this cross-sectional study should be replicated in a large 273 longitudinal sample. 274 In conclusion, a combination of an atlas-based beamformer in age-appropriate MEG data, leakage-insensitive PLI connectivity 275 estimation, and unbiased MST network measures revealed that functional brain networks become more segregated during 276 childhood. Increases in MST Diameter and decreases in Leaf Fraction indicate that functional networks develop into a more 277 line-like (de-centralised) topology; increases in Degree Correlation and Eccentricity suggest that brain regions stay less central 278 and become more locally specialised; decreases in Kappa and Tree Hierarchy emphasise that the network segregation during 279 development balances the benefits of integration between distant brain regions against the risks of overload on central regions. 280 Importantly, these topological network changes are most evident in the preschool years of childhood (i.e., the younger age 281 group between 4-6 years in our data) and exhibit the same pattern for all ferquency bands (i.e., delta to low gamma). Our 282 data resolves a long-standing debate in the field with respect to the normative brain development across spatial and temporal 283 scales of investigation using MRI-based and electrophysiological measures. Finally, we propose a heuristic MST model for the 284 emergence of complex brain networks, in which different patterns of network abnormality could be discerned depending upon 285 their trajectories through this "network space". Therefore, our study also represents the first attempt in providing a unifying 286 network model for the development of functional brain networks in youth. We anticipate new data from both normative 287 and abnormal developmental studies to be incorporated into this network space to enable us not only to understand new 288 mechanisms for early brain development and resolve ambiguities in the field, but most importantly to translate brain network 289 studies into solutions for clinical diagnosis and treatments. 
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Children in the 5 Y.O. group were tested using the child-customized 125-channel whole-head gradiometer MEG system 307 (Model PQ1064R-N2m, KIT, Kanazawa, Japan), and all other participants were tested using the 160-channel whole-head 308 gradiometer MEG system (Model PQ1160RN2, KIT, Kanazawa, Japan). The gradiometers of both systems have a 50 mm baseline 309 and 15.5 mm diameter coils, and are positioned in a glass fibre reinforced plastic cryostat for measurement of the normal 310 component of the magnetic field from the human brain (Kado et al., 1999) . In both systems, neighbouring channels are 38 mm 311 apart and 20 mm from the outer dewar surface. The 125-channel dewar was designed to fit a maximum head circumference of 312 53.4 cm, accommodating more than 90% of heads of 5-year olds (Johnson et al., 2010) . Both systems were situated within the 313 same magnetically shielded room, and therefore have comparable environmental noise level. 314 During MEG data acquisition, participants were asked to remain relaxed, awake and with their eyes fixed on a white cross at (Huang et al., 1999) , which was subsequently used for the beamformer analysis 339 described below.
340
Beamforming 341 An atlas-based beamforming approach (Hillebrand et al., 2012 ) was adopted to project sensor level MEG data to source space. 342 The co-registered surrogate MRIs were normalised to the standard MNI (T1) template, using the SEG toolbox (Weiskopf et al., (Hillebrand et al., 2016) . 346 For each centroid, beamformer weights were computed using Synthetic Aperture Magnetometry (SAM, Robinson 1999. This 347 beamformer selectively weights the contribution from each MEG sensor to a voxel's activity based on the broad-band (0.5-48 348 Hz) data covariance matrix, which was computed from (1) Pair-wise frequency band-specific functional connectivity between the 80 ROIs was estimated using the phase lag index (PLI) 361 for each of the 15 artifact-free epochs (= 4.096 seconds). PLI reflects the consistency by which one signal is phase leading or 362 lagging with respect to another signal (Stam et al., 2007) , which can be expressed as:
where Δ refers to the instantaneous phase difference between two time-series, are discrete time steps calculated over 364 all = 1 … , refers to the signum function, <> and || denote the mean and absolute value, respectively. Specifically, 365 PLI quantifies phase synchronisation as a measure of the asymmetry in the distribution of instantaneous phase differences 366 between two time-series (in our case the beamformer reconstructed time-series for two ROIs). The value of PLI ranges from 367 zero (random phase differences/no functional connectivity or only zero-lag/mod ) and one (perfect non-zero-lag synchrony).
368
Because the effects of volume conduction/field spread/signal leakage give zero-lag (mod ) phase differences, PLI is insensitive 369 to these effects at the cost of being blind to true zero-lag interactions. For each frequency band and each epoch, the 80 x 80 370 connectivity matrix of pairwise PLI values was computed. ROI-PLI was computed as the average PLI between a node and all 371 other nodes, and whole-brain PLI was calculated as the average across all nodal PLI values.
372
Minimum Spanning Tree Analysis
373
For each epoch and participant separately, the minimum spanning tree (MST) sub-graph was constructed using the PLI 374 connectivity matrix. The MST is constructed by connecting all n nodes in such a way that the cost (the sum of all link weights) is 375 minimised without forming cycles. For the computation of the MST, 1/PLI is used as the link weights since we are interested in 376 the strongest connections in the network. MSTs were constructed in BrainWave by applying Kruskal's algorithm (Kruskal, 1956) , 377 which starts with an unconnected network, adds the link with lowest weight, then adds the link with next lowest weight (if this   378 does not create a loop), until all nodes are connected, thereby forming a tree consisting of = − 1 links. 379 Two extreme tree topologies exist: (1) a line-like tree (A in Figure 1) where all nodes are connected to two other nodes 380 with the exception of the two so-called "leaf-nodes" at either end that have only one link, and (2) a star-like tree (C in Figure 1 ) 381 where all leaves are connected to one central node. There are many different tree types between these two extremes (e.g., B in 382 Figure 1) . The tree topology can be characterised with various measures (Boersma et al., 2013) . 383 Global MST network measures are informative about the functional integration and segregation of the entire network. Five 384 different global MST measures were used here: (1) the "Leaf Fraction" is computed as the number of leaf nodes, divided by 385 the total number of nodes;
(2) the "Diameter" is the longest shortest path between any two nodes, where the shortest path is 386 defined as the path with smallest number of links between two nodes; (3) the "Tree Hierarchy" was introduced (Boersma et al.,   387 2013) to describe a balance between a small diameter without overloading central nodes in the tree (Figure 1) . It is defined as
, where is the leaf number and represents the maximal betweenness centrality in the tree. In a line-like 389 tree, = 2 and with m approaching infinity, approaches 0; and in a star-like tree, ≈ , so approaches 0.5; for between 390 these two extremes, can have higher values (with an upper bound of 1); (4) the "Degree Correlation" is an index of whether 391 the degree of a node is correlated with the degree of its neighbouring nodes (Van Mieghem et al., 2010) ; (5) "Kappa" (also 392 called degree divergence; Barrat et al. 2008) measures the broadness of the degree distribution, and is high in graphs with a 393 scale-free degree distribution, and low in graphs with a degree distribution that approaches the normal distribution. Kappa 394 also relates to network robustness: high kappa reflects high resilience against random damage in networks. 395 Nodal MST network measures capture the importance of a node within the network. Three different nodal measures for 396 centrality ("hubness") were used: (1) the "Degree" is the number of connections of a node to its neighbouring nodes; (2) the 397 "Betweenness Centrality" is the fraction of the shortest paths that pass through a node; (3) the "Eccentricity" of a node is the 398 longest shortest path between a node and any other node, and is low if the node is central in the graph (Bullmore and Sporns, 
